I. Introduction
Rapid growth in income inequality in the United States and other industrialized nations over the past three decades has raised numerous concerns among policymakers.
One of the more worrisome is the possibility that income inequality might be causally related to mortality. Prima facie evidence of such a link in the United States comes from the facts that the country's income distribution is among the most unequal in the industrialized world and its life expectancy lags behind that of most developed nations. The potential for such a relationship has generated considerable attention in the media, medical journals, and grant-making institutions. It is one of the most studied issues in public health and economics.
Empirical research examining the causal linkages between inequality and mortality has produced mixed and often contradictory results. Early research across a variety of disciplines, looking across countries, states, and metropolitan statistical areas (MSAs), generally has found positive and statistically significant associations between inequality and mortality.
1 More recent efforts using richer data sources that allow more rigorous statistical methods have found little or no association between inequality and mortality. 2 Considering over 100 studies of the topic, Clarkwest and Jencks (2003) conclude that (1) there is no consensus among scholars, and (2) the evidence on either side is too weak to decide between competing claims of a small harmful effect and no effect at all. Similarly, Lynch, et al. (2004) consider nearly 100 studies on the relationship between income inequality and health and conclude that "there seems to be little support for the idea that income inequality is a major, generalizable determinant of population health differences within or between rich countries." Most recently, Kondo et al. (2009) performed a meta-analysis of the estimated effect of inequality on mortality based on 39 distinct estimates from 28 separate cohort and cross-sectional studies. About half of the estimates were positive and statistically significant at the 95% confidence level; the remaining estimates were not significantly different from zero. Only three estimates were negative, and none of these was statistically significant. In addition, they report that the positive effect tends to be reduced or eliminated in analyses that control for unobserved local characteristics. This is particularly interesting considering our finding that controlling for unobserved local characteristics (fixed effects) is critically important for obtaining a negative inequalitymortality link.
The mixed results in this literature have left the scholarly community at an impasse.
Proponents maintain that a positive causal link exists but is difficult to observe, while skeptics point to an absence of robust evidence. In part, the continued debate owes to limitations in the data and associated methods that prevent definitive testing of an effect that is free of spurious correlations with other variables.
In general, studies of income inequality and mortality fall into one of three types.
The first type is cross-sectional studies across geographic areas (states, counties, or MSAs) within a country. 3 These studies typically use nationally representative data and often include important local covariates in addition to inequality. However, given their cross-sectional nature, they cannot control for unobserved local characteristics (fixed effects).
They also often lack accurate measures of inequality, relying instead on relatively crude metrics such as the ratio of the mean to the median income. The second type is individual level longitudinal studies, which typically have rich sets of individual covariates and local level inequality, but omit important local covariates and do not allow for local fixed effects. 4 In addition, these studies tend to have small samples that limit the statistical power of any analysis. The third type of study is cross-country or cross-state panel studies, which control for country/state fixed effects to account for geographic differences in mortality rates that are unrelated to income inequality. 5 The drawback of these studies is that they tend to rely on very limited sets of covariates. Moreover, because health may depend on local factors, the state or country level may be too large of a geographic area to capture these effects.
Studies that find significant effects of inequality on mortality frequently are subject to methodological criticisms including the failure to control for individual or regional differences in mortality risk. On the other hand, studies which find no effect generally face challenges of small sample size which reduce the researcher's ability to precisely estimate any effect. These studies most frequently conclude that inequality has no "statistically significant" effect; however, the lack of precision suggests that this conclusion reflects an absence of evidence for an effect, rather than evidence that there is no effect.
What, then, can researchers do to resolve the impasse in the literature ? Clarkwest and Jencks (2003) are pessimistic on the issue. They conclude that no available data exist to sufficiently address all of the empirical shortcomings of previous studies simultaneously.
They say, "There is no realistic prospect of getting better data that will settle this debate any time soon. Most observers will therefore continue to base their judgments on their prior beliefs." We are more optimistic that additional work can be done. As such, we have assembled a data set that fills in many of the gaps from previous studies.
In this paper, we combine county panel data on group-specific mortality rates, a rich set of county observable covariates, and previously unused Census data on county income inequality to estimate the effects of inequality on mortality risk. We use these data to estimate the effects of income inequality on mortality risk in the United States. To ensure consistency with previous results, we begin by replicating key findings of previous analyses. Specifically, we confirm the strong positive association between inequality and mortality in simple bivariate and multivariate regressions. We then show that this correlation disappears when local covariates and/or state fixed effects are added to the regression.
After we demonstrate the consistency of our data with the prior literature, we refine our specification of the model to include controls for local, time-invariant unobservables (i.e., county fixed effects). In this specification, we show that income inequality is negatively related to mortality risk. This effect is statistically significant and it holds true for both overall inequality and for inequality in the top half and bottom half of the income distribution independently. These results suggest that a new direction in research on inequality and mortality may be warranted.
II. Theoretical Links between Inequality and Health
Most explanations for an association between income inequality and mortality fall into two categories: economic and psychosocial. The economic explanations rest on the premise that, at the individual level, the relationship between mortality and income is nonlinear; that is, if inequality in the income distribution produces unequal access to services such as education, health care, and police protection, the negative effects for those at the bottom of the distribution will not be offset by positive outcomes for those at the top of the distribution. Moreover, the negative health outcomes of an unequal income distribution may not be limited to the portion of the population with fewer resources.
Differential access to resources and services may result in less effective preventive health care (e.g., childhood vaccinations), more costly disease control (e.g., tuberculosis treatments), or higher crime rates, affecting the health and mortality risk of the entire population.
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The psychosocial hypothesis suggests that it is one's relative income position itself that matters for their health and mortality risk. Under this hypothesis, income inequality and mortality risk are linked through the effects of emotional and psychological stress on health. 8 The theory posits that levels of depression, isolation, insecurity, and anxiety, which are known correlates of mortality, are associated with relative economic position. In addition, some argue, inequality inhibits many of the social behaviors that may reduce stress and anxiety, such as participation in voluntary organizations or community groups and investment in ongoing education and training.
Which of these two pathways, if either, connects aggregate income inequality to individual health outcomes is an empirical question that researchers have made little progress in addressing. The bulk of the empirical research on mortality and inequality has focused less on identifying the causal pathway and more on establishing that a statistical linkage between the two exists. For the most part, this paper continues along the latter course. However, by looking separately at the effects of top-half and bottom-half inequality and at the effects of inequality on different causes of death, we also are able to shed some light on the likely pathways underlying the overall statistical linkage.
III. Data and Methods
The data used in this paper come from two main sources: the Compressed Mortality Files (CMF) from the National Center for Health Statistics, and the U.S. Census Bureau.
The CMF data provide by-cause mortality counts and rates (per 100,000 population) by gender-age-race-county cells from 1989 through 2002. These data cover all deaths recorded in the United States (including deaths for which individual information is not publicly available). We use these data to construct all-cause and cause-specific mortality rates by gender-age-race-county cells in 1990 and 2000, measuring age in 10-year reference groups and race as white, black, and other. To minimize the frequency of zero mortalities in a given year at this disaggregated cell level (especially for certain causes), we average the mortality rate within each cell over 1989 and 1990 and treat the result as the "1990" We combine the mortality data with data provided from the Census Bureau on county-level income inequality calculated from household-level data collected in the 1990
and 2000 decennial censuses. (Data from other decennial census years were not available.)
To the best of our knowledge, these data have not been used previously in this literature. 9 We use four measures of inequality from the data: the Gini coefficient and three income percentile ratios: 95/20, 95/50, and 50/20. The Gini coefficient is commonly used in the income inequality literature and is included in our county-level data. One drawback of the Gini coefficient does not allow one to decompose total inequality into dispersion in the top half and bottom half of the income distribution. We use the percentile ratios to solve this problem. As the names suggest, these ratios are ratios of the income levels at two percentiles of the income distribution. For example, the 95/20 measures overall income inequality according to the ratio of the 95 th percentile to the 20 th percentile. The 95/50 ratio measures income inequality in the top half of the distribution, and the 50/20 ratio measures inequality in the bottom half.
Lastly, we compile data for a host of demographic and socioeconomic covariates.
From the Census Bureau's USA Counties database, we obtained county-level data for 1990
and 2000 on the poverty rate (by race within county), the crime rate (number of serious crimes per capita), the share of the population in each educational category (less than high school, high school but no diploma, high school graduate or equivalency, some college but no degree, associate degree, bachelor degree, some graduate school but no degree, graduate or professional degree), the share of population of each race (white, black, or other), the share of population by age group (less than 20, 20 to 64, 65 and above), average family size, share of population by marital category (by male and female: never married, married, separated, divorced, widowed, other), population density, share of county population on social security disability, share of population living in institutions, latitude, and longitude.
From the Bureau of Labor Statistics, we obtained the average annual unemployment rate in 1990 and 2000 in each county.
IV. Results
We use these data to estimate the effects of inequality on mortality risk. It is useful first to consider the simple cross-sectional relationship between these two variables. Figure   1 shows a simple scatter plot of all-cause mortality rates versus income inequality for 1990
and 2000. We measure income inequality here using the 95/20 percentile ratio; the results are quite similar using the Gini coefficient. To ease visualization of the data, we group counties into 313 bins of approximately 10 counties each after ranking counties by their 95/20 ratios. For each bin, the data point shows the population-weighted mean of the 95/20 ratio on the x axis and the population-weighted mean of the mortality rate (deaths per 100,000 persons) on the y axis. Figure 1 shows a clear positive raw correlation between income inequality and mortality across counties in both 1990 and 2000.
We explore the relationship between inequality and mortality shown in the scatter plot more formally using Poisson and negative binomial maximum likelihood estimation.
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In all cases, we adjust standard errors for clustering of observations within a county. This 10 The results presented in the tables in this section are based on the Poisson regressions. The results using negative binomial are virtually identical and, hence, are not shown.
clustering allows for correlated observations within a county both across age-race-gender cell groups and across years (to allow, for example, for serial correlation between 1990 and 2000).
We begin by considering the county-level relationship between income inequality, measured by the 95/20 percentile ratio, and the age-race-gender all-cause mortality rate. We base the results under column headings (1) and (2) on model specifications that are quite restrictive but similar to what has been estimated extensively in previous research.
Column (1) reports results for a simple Poisson regression of age-race-gender-year mortality rates on age, race, gender, and year dummy variables and the county-level Gini coefficient. Consistent with the simple bivariate scatter plots discussed earlier, this regression yields a positive and statistically significant (below the 1% level) relationship.
Column (2) shows results of a specification that adds two key conditioning variables: (the log of) median county income and the county-race-specific poverty rate. As expected given the prior literature, the magnitude of the association between inequality and mortality falls, but the estimate remains statistically significant (below the 1% level). The results in columns (1) and (2) confirm the oft-cited positive association between inequality and mortality risk in aggregate cross-sectional data.
Moving across the table, column (3) shows that adding a richer set of local covariates reduces the estimated inequality effect to near zero. This result is consistent with the findings from much of the recent literature using richer data sources, which report little evidence of a quantitatively meaningful impact of inequality on mortality. Though not shown in the table (to save space), the results are similar when state-level fixed effects are added.
The final specification in the table (column (4)) departs from previous work by controlling for time-invariant, local unobservables, i.e., county fixed effects. As the table shows, adding county fixed effects to the rich set of time-varying county controls yields a negative effect of inequality on mortality risk that is statistically significant (below the 5% level). This result is a reversal of prior findings. To visualize the magnitude of this shift, Figure 2 plots the coefficient estimates from the model specifications in Table 1 . As the figure makes clear, the interpretations move from inequality being deleterious, having a large positive effect on mortality, to considering inequality as protective, having a negative effect on mortality. ratio, except that the negative coefficient in the full specification is not statistically significant (at standard levels). Nonetheless, the results show a positive and significant effect of inequality in univariate and bivariate models that becomes small or insignificant when a richer set of controls are included and moves in a negative direction as local fixed effects are included.
In our final analysis we consider whether these effects persist when inequality is disaggregated into lower-half and upper-half income inequality. The results are shown in Table 3 . We find that the negative effect of inequality holds much more strongly for tophalf income inequality. The coefficient on bottom-half inequality also is negative, but it is not statistically significant.
In Table 4 , we extend the analysis by considering the effects of inequality on mortality for specific causes of death. We estimate the same county fixed effects regressions as described earlier, with the full set of covariates, separately for each of nine major causes of death. The coefficient on overall income inequality-measured by the 95/20 ratio-is negative in all cases. It is statistically significant (at the 10% level or below) for five of the nine causes (cancer, stroke, accidents, liver failure, and homicide).
The results based on the Gini coefficient are broadly similar, though for two causes (heart attack and suicide) the coefficient on inequality is positive but statistically insignificant.
We find the separate effects of top-and bottom-half inequality, which are estimated simultaneously in the same regression (for each cause), also generally are negative, though not always statistically significantly so. We find top-half inequality has a negative and statistically (at the 10% level or below) significant mortality effect for cancer, liver failure, and homicide, while bottom-half inequality has a negative and statistically significant effect for stroke, accidents, and homicide.
V. Possible Explanations for a Negative Inequality-Mortality Relationship
Our empirical results point to a robust negative relationship between local-area income inequality and mortality after conditioning on observed and unobserved, but timeinvariant, local-area characteristics. There are two potential explanations for this result.
First, unobserved time-varying local factors may be correlated with both local-area inequality and local-area mortality in a way that negatively biases the estimated relationship. Note, however, that given the strong positive association we and others find when controls are limited, this explanation also requires that the negative bias from omitting unobserved time-varying local factors be more than offset by a positive bias from omitting a rich set of controls. The second possible explanation is that local-area income inequality, or something proxied by inequality, has a causal negative (protective) effect on mortality.
To formally explore this latter possibility and highlight possible ways income inequality might directly affect health, we consider a simple model of community health production. We think about community health production as an increasing function of social capital, federal and state government transfers (especially Medicare and Medicaid), local government health-care spending, local private medical spending (e.g., philanthropic
giving), and county socioeconomic and demographic composition. We hypothesize that (1) social capital is a decreasing function of both top-half and bottom-half inequality, (2) government transfers received from higher levels of government (state and federal) are a decreasing function of lower incomes, (3) government medical spending is an increasing function of local tax revenue, which is an increasing function of top-half inequality (due to tax progressivity), and (4) private medical spending is an increasing function of upper incomes (i.e., the good obtained from private medical spending is a luxury good).
Taken together, these hypotheses suggest that inequality in either the top-or bottom-half has offsetting effects on health. Top-half inequality harms health by reducing social capital. However, because higher top-half inequality, holding median income constant, reflects higher upper-tail incomes (95th percentile), it has a countervailing protective effect from increases in both private and government (via taxes) medical spending. Moreover, higher local government revenue could increase other public services, partially offsetting the hit to social capital from inequality.
Analogously, bottom-half inequality could have a harmful effect from reducing social capital. However, increasing government transfers provide a protective effect because higher bottom-half inequality, holding median income constant, implies reduced lower-tail (20th percentile) income. For instance, eligibility for Medicaid and the State Children's Health Insurance Program is determined by family income, so a shift in a county's income distribution that pushes more people below these programs' incomeeligibility thresholds will increase transfers from the state and federal government to that county. The poverty rate in our regressions will capture some but not all of this protective effect because the income thresholds for many government health programs exceed the poverty level and hence are closer to the 20 th percentile. According to this simple model, our regression results can then be explained as follows: An increase in top-half inequality reduces social capital but increases public and private medical spending, and the latter effect dominates. In addition, the protective effect of a higher 50/20 ratio from increased government transfers roughly offsets or slightly dominates its harmful effects from reduced social capital.
VI. Conclusions
Other studies have highlighted the importance of local time-invariant characteristics on the relationship between economic variables and health. This study pushes a step further, finding that not accounting for time-invariant characteristics not only positively biases the estimated effect of inequality on mortality but also obscures an apparent negative effect of inequality on mortality. Our finding-that increases in inequality are associated with declines in mortality at the county level-suggests a change in course for the literature on health and inequality. In particular, we find that the emphasis in other research on potential psychosocial and resource allocation costs associated with higher inequality may miss important offsetting positives, and, in fact, these offsetting factors may dominate.
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